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1. Introduction

Massive contents are created

— Professionals, Semi-pro and The commons
Type of contents

— Movie, Music: YouTube, Nicovideo, Youku
— Photo, Picture, 3D object

— Cartoon, Comic, Manga

— Novel

— News, Blog article, ..

— Academic article: Institutional Repository
Q: How to find good content?

A: Use collective intelligence

— Folksonomy, Social intelligence, ..
* Users comments, tags,
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Emotion / Sympathy

A

Amount

>
Funny Sad Anger

How to quantify?

Category / Clustering
Music Sports

Classic Ball games

Rock Football, Baseball, ...
Jazz Martial arts

Sound track Judo, TaeKwonDo...

Field and tracks

How to find category?
How to make hierarchy?

You[TD) |

All Categories 2] Categories

All Entertainment
Autos & Vehicles Film & Animation
Comedy Gaming

Education Howto & Style

Search Browse  Upload
Music Pets & Animals
News & Politics Science & Technology
Nonprofits & Activism Sports
People & Blogs Travel & Events 5



Objectives

Ranking by Viewers emotion
(Ranking by comments)

Automatic categorizing
(Tag Hierarchy)
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2. Modeling

-

Title
Creator

Description

Keywords
- J&

~

Creator

g

Content

N

Tags
Comments

# of Play/View
My List/Bookmark

Twetter, SNS, Blog/

~

Viewers



Three objects

Manager/Employee

Tagged With

Contents Annotation

I. Guy, N. Zwerdling, I. Ronen, D. Carmel, E. Uziel:
Social media recommendation based on people and tags,
ACM SIGIR2010, pp.194-201, 2010.



Viewers

Viewers

Content

Contents

Viewers Tags Contents
Vi
5 C,
V2
Vi
Contents Links (Reference) Creators network
C, C Viewers community

j\C

G,
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3. Nicovideo

Movie uploading/streaming service 1in
Japan.

Poplar for Geeks (OTAKU).
— Animation, Computer games, ..

More than 5 million movies (Feb.,2011)
# of Users

Class # of ID Description

Normal |17 million|Free, Low QoS
Premium| 1 million|Charged, High QoS

12



Unique comment system

e VViewer can submit his/her comments

* Comments flow on the movie according to
the submit time.

e Illusionary effect
— Watch with other viewers
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4. Ranking by comments

Nice!
| like it!
Wao!



Ranking by comments

isht of commenter 1
Content Freq.uenCy Weight of co enter 1
Vi of S in w=log( freq; (s) +1)
comments

/ [ A >/ s: feature word(s)

L
[Wl/%/ Wi % } W(v): weight of v
I \
RAR B o
n

n: # of commented viewers




Implementation

SeeMore Target Data:  “Music” tagged Movies
SAZODETEESRRIVIY on Nicovideo
TRE # of movies: 373,265

FREOERER7515P1..32¢K

susmooooch” g’ [(BRBAPHI I T CLWADESHD  TAs WA ! PVICP-MODELD€
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Results

We can find good(interesting) movies.
 But..
— MAD movies

— They are not general.
— Contents for small community

Use other data
— replay number, bookmarked users, ..
Try other models

— Viewers-Contents bipartite graph
— Apply HITS algorithm

18
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4. Tag hierarchy

* Huge amount of movies
* Given categories are not enough

« Search by tag.
— Tagging by viewers
— Huge number of tags.

— What 1s appropriate tag for my uncertain
request?

Automatic tag hierarchy generation

20



Huge amount of movies
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Tagging by viewers

% (Hatsune Miku)
VOCALOID

Viewers Tags Movies

22
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What is-appropriate tag
for my uncertain request?
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v =i=e
[ Ringo_Starr } [ (MELIETC) } [ Quick_One }
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Clear!

% N
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Def. of upper term

: Intersection Ratio
u is upper term of v

D(u) N D(v)
D(v)

< D(u)>D(v) and >

upper [ Programing }

Programing
lower [ Java } ’)
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Implementation

Tag More Target Data:  “Music” tagged Movies
BHLEITRREY—I on Nicovideo
# of movies: 373,265

search )

—

Input a word,
Shows upper words (tags) and lower words(tags)
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upper tags input

The Beatles FF— KJLX : 0.555

Western Music H%X:0.348

Niconico movie maker == Ah—F—X—7—:0.148

Live : 0.044

High resolution &EH : 0.037
More Valid LE2&fHiiehd4F @ 0.029

BGM for work (EEFBGM :0.029
Rock Ow#% :0.029

Western Music 1% : 0.368
Comments by author #@EIL2E : 0.146
BGM for work ##MHBGM : 0.076

Rock Ov% :0.07

BGM for work 7= X &0z EREBGM : 0.052
ithout animation taste Q UEEN
80's : 0.052
#gl : 0.046

iconico movie maker O OAL—F—X—7—:0.04

UK : 0.04

Recommend headphone A v il 438 : 0.035

lower tags

ML+ 2wuh—k=—: 0088 Paul McCartney

g -L/>:0.051 John Lennon
Paul McCartney : 0.044
Ywd.24— 0020 Ringo Starr
YYRY—:0.029 Re-master
John Lennon : 0.022
the : 0.022
THE BEATLES : 0.022

The_Beatles : 0.022

Paul : 0.014

24—=>:0.251  Queen

JLFq - ¥—Fa')—:0.003 Freddie Mercury

Bohemian_ Rhapsody : 0.081

T 547> A4 :0.081 Brian May
Brian May : 0.07
QUEENE:RE)E : 0.064
QueenZ i : 0.052
60fps : 0.052
L7 4 0052  Freddie
[LIVE] :0.052 33



upper tags

Niconico movie maker
—a=-JALh—F—X—H—:0.218

EEFIXAV S £ 0.105
More valid b LFfiEhBAE : 0.064

Comments by author

Recommend for @BGM @BGMIEE : 0.042
High resolution #=#=# : 0.038
Mash-up zwv 2797 : 0.037
VOCALOID : 0.037
BGM for work {EEFBGM : 0.036
Hatsune Miku FESY : 0.036

VOCALOID#/t—Hf : 0.026

Vocaloid cover

upper tags

FWHA ! :0.915
oW b3 : 0.294
N ’\m 0.263
KILE:0.178
BEEIAXVP 1 0.136
BEEEEEE: 0.094
FWEAL : 0.084
=a=JAh—FE—X—3H—:0.073
{ERFEBGM : 0.063
EEH® : 0.052

input

K-On!
TWEA !

After school tea time

ﬁﬁ%%&jj_\«r —4

lower tags

Don't_say “lazy” : 0.225

Cagayake!GIRLS : 0.143

SPhADEM 0132 Fuwa-Fuwa time
Hirasawa Yui

EiRME : 0.117
#0105 Akiyama mio
BEEEaE 0,072 Sakura-kou music club

*v5Y>:0.065 Chara. Son.

BT 5 4L : 0.063 After school tea time
'rl./‘z ‘2 j—JI : 0.059 “Let’S go”
ENEATL 10049 Voca-On!

lower tags

DLOBERYFEX : 0.263

BTNy ~R—=JLbRV~ : 0.168
HL—DEZAR :0.105
B#$E : 0.052
B4 : 0.052
Dbl : 0.052
FLywd—y3 :0.052
BE%BT : 0.042
BEE4 : 0.042
S5 : 0.031




upper tags input

=9=aA—F—X—#—: 0.084 VOCALOID

Niconico movie maker

(Hatsune Miku)
o =A=Jh=E=X—Fj—
Niconico movie maker
BGM for work “5?

g

lower tags

J5 =7 : 0.539 Hatsune Miku
= oAU - 0286 Miku original
@=U> 0157 Kagamine Rin

VOCALOID1/t—¢ « 0.151 Yocaloid cover

@ELY :0.122 Kagamine Len
KAITO : 0.119
W - 0.08e Megurine Luka
JA U TFILE - 0,066 Rin original
b LEffiEna~E : 0.050 More valid

VOCAROCK : 0.054

Miku original

Vocaloid cover

Kagamine Rin

b HEEE - 49 Z A0 2%
) D CFriiiciiloN\s

More valid

VOCAROCK

Comments by author
BoZARA KA Old men capture
Kagamine Len

Miku’s songs for peopl




upper tags input lower tags

Red Nicovideo 75t b ) — q - ; )i : ApHr—r7 008  Medvedev

. . KGBEH{EF|U>2 : 0.08
Russia Q7 : 0.6
- EW/CL—K : 0.08
Classic Z22¥v%Z :0.2
£EEOY7 :0.08
National anthem [Ei : 0.16
- JYv#:0.08
Soviet union @ : 0.16
. =3 It : 0.04
BGM for work (EEFEBGM : 0.16
LR : 0.04
Anthems in the world s pmm: : 0.16
RXHh : 0.04
War song = : 0.16
2<h5»h:0.04

BRESDEHIC : 0.12
_ i EOYTPHIFEICE
Russian folk song s, 7@ . 0.08 0.04
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6. Conclusion

* Content search method using collective
intelligence

— Contents ranking based on viewers comments

— Tag Hierarchy generation based on DF
(document frequency) and intersection ratio

* Not Tree, but DAG (direct acyclic graph)
* Ranking is not good.
— Other information (# of replay, bookmarks)

— Analyze relation between comments, tags, and
viewers

— Other graph models
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